Multivariate models with a combination of variables can predict disease more accurately than a single variable employed alone. We developed a logistic regression model with a combination of variables and evaluated its ability to predict lung cancer.
Background
Lung cancer is the leading cause of cancer death and the most commonly diagnosed cancer in the world [1] . Early diagnosis of lung cancer is associated with far better survival than diagnosis at a later stage. Five-year survival is expected in 58-73% of patients with stage I lung cancer, while the 5-year survival rate is only 3.5% for later stages of disease. Unfortunately, only 15% of lung cancer patients are diagnosed at stage I, and over half of patients with lung cancer die in the first year after being diagnosed [2] .
Screening tests are applied to detect disease in people without any obvious symptoms. Scientists and physicians have looked for many years for a good screening test for lung cancer, such as sputum cytological analysis, chest x-ray, and bronchoscopy, with biopsy currently used in clinical practice [3, 4] , or tried to developed new biomarkers for lung cancer detection in research [5, 6] . However, none of them are ideal and all lack the advantages of being convenient, noninvasive, and effective.
Lung cancers, being located in the lungs, are most likely to release certain characteristic cancer markers directly into the breath. These molecules have attracted research interest because the smell print can be used for in lung cancer diagnosis. Volatile organic compounds exhaled in the breath of patients with lung cancer are a focus in this detection [7] . Several previous studies supported the hypothesis that lung cancers release altered breath composition [8] [9] [10] . Using gas chromatography/mass spectrometry analysis (GC/MS) on a profile of 9 VOCs, Phillips et al. identified lung cancer patients with 85.1% sensitivity and 80.5% specificity [11] . However, the use of MS for exhaled breath requires expensive equipment and highly skilled analysts. Electronic nose (E-nose) technology is a noninvasive technique, unlike MS, in which array-based sensors look for differences in overall chemical profiles of healthy controls and patients with disease, rather than identifying individual VOC components of exhaled breath. Because of its high sensitivity, the E-nose detection technology is drawing increasing attention in diagnosis, detection of renal dysfunction, chronic obstructive pulmonary disease, asthma, pneumonia, tuberculosis, and lung cancer [12] [13] [14] [15] [16] [17] [18] . Using an E-nose for lung cancer screening may be a radical innovation in diagnosis of this cancer and other pulmonary diseases.
The applications of tiny amounts of VOCs in exhaled breath are drawing more and more attention in the development of diagnoses, such as tuberculosis, diabetes, breast cancer, lung cancer, colon cancer, and prostate cancer [19] [20] [21] [22] [23] . It has been 30 years since Gordon pioneered use of VOCs to diagnose lung cancer. However, due to the use of different biomarkers and detection equipment, there is no consensus regarding acceptable biomarkers and research. Use of the electronic nose (E-nose) has only recently gained attention for its sensitive detection ability. It has been widely used in cocaine detection, environmental pollution monitoring, and biomarker detection. Phillips reported that diagnosing lung cancer and other respiratory cancers by use of the E-nose provides improved sensitivity and specificity [20, 21] . Use of an E-nose enhances the early diagnosis of lung cancer by detecting biomarkers in exhaled breath and establishing the "finger print" data of patients with lung cancer.
We used a novel electronic nose (zNOSE4200), which contains a surface acoustic wave quartz microbalance sensor, to analyze "smell prints" of exhaled gases and to select a set of VOCs as lung cancer biomarkers. We created a cancer prediction model using variables significantly related to the presence of lung cancer. The discriminatory power of the model was tested to validate the potential utility of "smell print" signatures for identifying lung cancer.
Material and Methods

Subjects
A total of 57 patients with lung cancer who visited the First Affiliated Hospital of Jinan University during January 2013 to January 2014 were recruited. Among these 57 lung cancer patients, 53 had non-small-cell lung cancer (NSCLC) and 4 had small-cell lung cancer, all confirmed by histopathological examination and diagnosed as the original lung cancers. Their ages were 37-70 years, and there were 36 males and 21 females. A total of 72 healthy people from Guangzhou were recruited as the control group, with ages 30-58 years. None of the patients or healthy controls had any other chronic diseases (e.g., diabetes, chronic renal insufficiency, chronic obstructive pulmonary disease, pulmonary tuberculosis, asthma, and upper respiratory infection). Patients who had received other treatments (e.g., chemotherapy and surgical operation) after diagnosis of LC were also excluded. This study was approved by the Institutional Ethics Review Board of the First Affiliated Hospital of Jinan University and every subject signed a written informed consent.
Collection and preparation of the breath samples
On the day prior to the test, certain foods with strong smells, such as onions, leeks, garlic, cabbage, and pickled cabbage or beans, were avoided. Prior to the test, the subjects were asked to stop smoking and chewing gum. Subjects were asked to fast for at least 12 h before testing and to only consume water. Breath sample collections were performed by having the subjects inhale, hold their breath momentarily, and then exhale into a 1-liter Devex bag. After collection, each sample bag 5621 was immediately attached to the sample inlet of the E-nose for analysis.
VOCs analysis
The E-nose device (zNOSE4200, Electronic Sensor Technology, Newbury Park, CA, USA), which contains high-speed gas chromatograph (GC) sensors, was used in our studies. The GC sensor is based on a 6-port valve and oven, a pre-concentrating trap, a short GC column, and a surface acoustic wave quartz microbalance detector (Figure 1 ). The sample was induced through a heated sample loop at 200°C driven by an internal pump at a flow rate of 30 ccm. The time course for a single sample analysis is 60 s. Helium gas was used as the carrier medium with a flow rate of 1.8 mL min -1 . This equipment can obtain a sensitivity below ppb level with 5% RSD (relative standard deviation). The unique advantages of this device are its small in size and light weight, allowing it to be conveniently carried and set up in a clinical room for use ( Figure 1 ).
Retention time was used to identify the alkane molecules in VOC by comparing the retention time of unknown molecules to those of a series of C 6 -C 14 alkane standards. Prior to the analysis of VOC, the device was calibrated with the standards (1.25 µl each), including hexane (C6), heptane (C7), octane (C8), nonane (C9), decane (C10), undecane (C11), dodecyl (C12), tridecane (C13), and tetradecane (C14). The retention time of each alkane sample was converted to Kovats Indices (KI), a standard index for retention time in chromatography. The chemical structure and the name of each VOC was determined according to Kovatz Index.
To quantify the concentration of detected molecules, the device was also calibrated with a series of C 6 -C 20 alkane standards (0.2 µl each with known concentration), including hexane (C6), heptane (C7), octane (C8), nonane (C9), decane (C10), undecane (C11), dodecyl (C12), tridecane (C13), tetradecane (C14), hexadecane (C16), octadecyl (C18), and eicosane (C20). The area of each peak and its representing amount of standard were used to estimate the abundance of peaks of interest identified during VOC analysis.
Biomarkers identification
Compounds in VOC were identified by comparing their retention times with those of the standards ( Figure 2 ). The mass spectrums were confirmed by Kovats Indices according to the mass spectrometry libraries NIST 05 and NIST 05s. The abundance of each sample was calculated by comparing its peak area with those of the standards ( Figure 3 ). All the VOCs with a peak area value higher than 200 were detected. The compounds existing in the breath but not existing in the room air and the compounds with higher abundance in breath than in room air were considered as the endogenous VOCs.
Candidate biomarkers of lung cancer were initially identified by comparing the abundance of endogenous VOCs between the primary lung cancer group and the control group. The Mann-Whitney U test was used for the mathematic analysis of correlation.
Validation of prediction model
To assess the performance of the prediction model, we used a validation cohort of 118 subjects (untreated primary lung cancer and cancer-free controls) recruited at the Inpatient Department of Oncology of the First Affiliated Hospital of Jinan University. These subjects underwent physical examination at Outpatient Department and the results showed they were suspected to have LC. Because the normalized or corrected count rates did not fit a normal distribution for most masses, we screened for significant differences in different data sets using the two-tailed nonparametric Mann-Whitney U test, which is based on the overall ranking order of individual values from 2 data sets. It has a similar efficiency as the t test when testing samples from presumably identical distributions for shifts in location. Hence, it is not limited to normal distribution data. The distribution of Variables significantly related to the presence of lung cancer were input into the logistic regression (LR) model for analysis. Receiver operating characteristic (ROC) curves for 4 factors, and the LR model were tested for usefulness in discerning lung cancer based on their areas under the curve (AUC).
Results
Human subjects
No adverse effects were observed in any subject as a result of donating a breath sample. These observations confirmed that this assay is noninvasive and safe. The composition of the subject panel and the characters are summarized in Table 1 . Although smoking status and sex are assumed to affect cancer incidence, our subject composition revealed no significant difference in smoking status (c 2 =0.206, P=0.649), and sex (c 2 =1.057, P=0.304), but age was significantly different between the 2 groups (t=6.022, P<0.001; Table 1 ).
Selection of candidate VOC biomarkers for lung cancer
The VOCs of exhaled breath from 129 subjects were analyzed. Twenty-three promising endogenous VOCs with differences between the LC group and control group were selected as the diagnostic candidates ( (Table 3 ).
Mathematics analysis model of lung cancer detection
The Mathematics logistic regression model was applied for variables from the baseline data (sex, age, smoking status) and the parameters of 9 VOCs by the Stepwise Regression Analysis. We found 4 parameters: age (X 1 ), hexane (X 2 ), 2.2.4.6.6-pentamethyl heptane (X 3 ) and 1.2.6-trimethyl naphthalene (X 4 ) and their combination were significant in the logistic regression model (Table 4) . We developed a formula of P=1/[1+e (-9 .005+102*X1+0.011*X2+0.022*X3-0.517*X4) ], which is able to predict the lung cancer probability in this assay with statistical significance (c 2 =59.360, P=0.001). Among these 4, 3 parameters: age, hexane, 2.2.4.6.6-pentamethyl heptane are risk factors, while the last one: 1.2.6-trimethyl naphthalene is a protective factor. The statistical analysis results indicated that the diagnostic prediction by this formula was able to distinguish the breath sample of the lung cancer patients from those of the normal subjects with 82.8% accuracy, 76% sensitivity and 94% specificity (Table 5 ).
ROC analysis was conducted based on results of definitive diagnoses. Figure 5 displays the validation ROC curves. The accuracy of the prediction derived from the formula that was input with 4 parameters seems better than each of the ROC curves of the LR model. The sensitivity and specificity of this LR model were 76% and 94%, respectively. The AUC (0.878) from the formula was 0.878, which was higher than the AUCs for age (0.774), hexane (0.622), 2.2.4.6.6-pentamethyl heptane (0.726), and 1.2.6-trimethyl naphthalene (0.381). These comparisons indicate that the diagnostic prediction ability of the combination of 4 parameters is better than that of each single one.
Discussion
Early detection will be extremely valuable in the battle against lung cancer. Unfortunately, a noninvasive, convenient, and effective screening for lung cancer is still not available. Breath analysis should be an ideal detection approach for such a screening due to its non-invasiveness, simplicity, and low cost. Early diagnosis and real-time monitoring of lung cancer by detection of certain molecules in exhaled breath has become an important research focus. Recent publications have shown that the difference between breath samples from patients with lung cancer and those from healthy subjects can be distinguished by use of an E-nose [12, 15, 19] , which is a gas chromatography-based instrument 5626
Although there are different types of E-nose sensors, a more sensitive instrument with tiny alternation is expected to detect the VOCs. In our study, we used a novel E-nose (Znose4200), which had a surface acoustic wave quartz microbalance sensor, to analyze the VOCs of exhaled breath. The SAW resonator detector oscillates at 500 MHz. This sensor can accurately measure relative changes at frequencies as low as 1 Hz. Therefore, the SAW gas sensor exhibits an excellent threshold detection limit below ppb.
The exhaled breath contains tiny amounts of VOCs, as well as other major components such as nitrogen, oxygen, carbon dioxide, and water. Up to 3450 tiny components can be detected, with a concentration in ppm or ppt levels [24, 25] . In subjects with inflammation, oxygen stress, or cancers, the altered metabolism will release altered molecules into the blood and ultimately release them into the exhaled breath [25] . The altered concentrations of certain biomarkers reflect the altered status of physiological or pathological status. For example, the strong smell of acetone (rotten apple) in type I diabetic patients indicates an acetone toxic status [26] .
Ideally, the collected exhaled breath should be identical to the alveolar air sample. To minimize the possible dilution, we collected the last half fraction of the 4 th exhaled breath after 3 deep breaths. We believe this minimizes the possible dilution and prevents contamination from environmental air [27] .
According to recent reports, the lung cancer-specific VOCs can be divided into 7 categories: hydrocarbons (alkanes, branched alkanes, branched olefins), alcohols, aldehydes, ketones, esters, nitriles, and aromatic compounds [7] . The metabolic mechanism of VOCs in breath is still unclear. The general belief is that the VOCs are not solely from the tumor tissue, but also from a series of metabolic disorders [28, 29] . In the present study, the 9 VOCs selected as the lung cancer markers came from 4 families: hydrocarbons (dimethylmethane, methane, hexane, dodecane and 2.2.4.6.6-pentamethylheptane), alcohols (ethanol and 1-isopropyl-4-methylbicyclo [3.1.0] hexan-3-ol), ketones (2.5.5-trimethyl-2.6-heptadien-4-one), and aromatic compounds (1.2.6-trimethylnaphthalene). Hydrocarbons are produced in lipid peroxidation of polyunsaturated fatty acids by reactive oxygen, which is elevated with tumor progression [30, 31] . Most of the alcohols are generated from food in the gastrointestinal tract, and a small portion are from hydrocarbon metabolism. Ketones are generated during peroxidation of polyunsaturated fatty acids and can be detected in exhaled breath [7] . Aromatic compounds are considered to be exogenous pollutants derived from air pollution, radiation exposure, cigarette smoke, and alcohol drinking [32] .
Previous studies reported that the abundance of decane, 2-methyl pentane, 1-propanol, 2-butanone, 2-ethyl hexanol, benzene, and toluene were higher in the lung cancer group than in the control group [33] [34] [35] . The present study, for the first time, found that the concentrations of dimethyl methane, ethanol, methane, hexane, 2.2.4.6.6-pentamethylheptane, 1-isopropyl-4-methylbicyclo [3. Table 5 . Predicted probability and diagnostic values of significant variables. 
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higher in the lung cancer group than in the control group; however, the abundance of 2,5,5-trimethyl-2,6-heptadien-4-one and 1.2.6-trimethyl naphthalene in the lung cancer group was lower than in the healthy group. The mechanism remains unclear.
For many years, due to the use of various different detection equipment and gas collection procedures, the results reported in the literature are inconsistent. Kischkel [36] reported that the concentrations of acetone in the exhaled breath of patients with lung cancer are higher than in healthy people, but Bajtarevic [33] drew the opposite conclusion. Bajtarevic [33] reported that the concentration of isoprene in the exhaled breath of lung cancer patients was lower than in healthy people, while Poli reported the opposite result [34] . In addition, the sensitivity and specificity from numerous studies vary. Phillips found 30 kinds of VOCs in expiratory samples by using GC-MS detection with 84.5% sensitivity and 81% specificity (193 samples from of lung cancer patients and 211 samples from disease-free persons) [21] , while Machado separated lung cancer patients from control samples with 71.4% sensitivity and 91.9% specificity by electronic nose detection (28 samples from lung cancer patients and 109 samples from disease-free persons) [16] . Mazzone distinguished lung cancer patients from control subjects with 73.3% sensitivity and 72.4% specificity by using a colorimetric sensor array (49 samples from lung cancer patients and 21 samples from disease-free persons) [35] . Mazzone indicated that smoking, age, and the stage of the disease did not affect their results [35] .
The specificity of the biomarkers of lung cancers is critical during biomarker selection. The markers of acetone and ethanol were excluded as they are associated with other diseases such as diabetes [37] and ketosis [38] . In addition, the concentration levels of acetone varied widely from study to study. For example, Kischkel et al. [36] observed an increase in acetone concentration in the breath of LC subjects relative to healthy controls, but Bajtarevic et al. [33] reported the opposite trend. The concentration levels of ethanol were reported to vary in different hepatocarcinoma cell lines in vitro [39] .
The present study achieved prediction of lung cancer versus controls with 82.8% accuracy, 76% sensitivity, and 94% specificity. Although variable smoking habit was expected to be a confounding factor in our detection system, based on the published data [16, 35] , it did not change the discriminative power of VOC in our tests because smoking status was not included as a factor into our predicted model. Unlike others prediction models which compare the difference of single VOCs, our model combined multiple parameters as a comprehensive evaluation, ensuring better authenticity and reliability of the results.
Despite these achievements, there are several limitations in the present study. A comprehensive and systematic analysis should be conducted to explore the differences between subject characteristics (e.g., sex, smoking status, family history of lung cancer, occupational exposure, and chronic lung disease history) and VOCs in the exhaled breath.
Conclusions
We demonstrated the feasibility of detection of certain markers in VOCs of exhaled breath using a novel electronic nose (zNOSE4200) containing a SAW gas sensor as a relatively convenient and noninvasive test in patients with suspected lung cancer. A prediction model combined with variables of, age, hexane, and 2.2.4.6.6-pentamethyl heptane, and 1.2.6-trimethyl naphthalene concentration could be used to effectively predict the presence of lung cancer. Further study is needed to optimize the accuracy of the prediction model by incorporating a clinical phenotype and to develop a promising clinical detection method of lung cancer.
